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Purpose: To predict the vault size after Implantable Collamer Lens (ICL) V4c
implantation usingmachine learningmethods and to compare the predicted vault with
the conventional manufacturer’s nomogram.

Methods: This study included 707 patients (707 eyes) who underwent ICL V4c
implantation at the Department of Ophthalmology, Peking Union Medical College
Hospital, from September 2019 to January 2022. Random Forest Regression (RFR),
XGBoost, and linear regression (LR) were used to predict the vault size 1 week after
ICL V4c implantation. The mean absolute error (MAE), median absolute error (MedAE),
root mean square error (RMSE), symmetric mean absolute percentage error (SMAPE),
and Bland–Altman plot were utilized to compare the prediction performance of these
machine learning methods.

Results: The dataset was divided into a training set of 180 patients (180 eyes) and a
test set of 527 patients (527 eyes). XGBoost had the lowest prediction error, with mean
MAE, RMSE, and SMAPE values of 121.70 μm, 148.87 μm, and 19.13%, respectively. The
Bland–Altman plots of RFR and XGBoost showed better prediction consistency than LR.
However, XGBoost showed narrower 95% limits of agreement (LoA) than RFR, ranging
from −307.12 to 256.59 μm.

Conclusions:XGBoost demonstratedbetter predictive performance than RFR and LR, as
it had the lowest prediction error and the narrowest 95% LoA. Machine learningmay be
applicable for vault prediction, and it might be helpful for reducing the complications
and the secondary surgery rate.

Translational Relevance: Using the proposed machine learning model, surgeons can
consider the postoperative vault to reduce the surgical complications.

Introduction

Myopia is the most common ocular disorder world-
wide, with a prevalence of 10% to 30% in the adult
populations of many countries.1 Currently, there are
several ways to correct myopia, such as spectacles,

contact lenses, and refractive surgeries. However, high
myopia and extremely high myopia (>−9.00 diopters
[D]) corrections remain challenging due to refrac-
tive errors and corneal thickness.2,3 The EVO ICL
(Implantable Collamer Lens, model V4c; STAAR
Surgical, Monrovia, CA) is a single-piece posterior
chamber phakic intraocular lens designed with a
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central hole. Since it became commercially available
in 2011, it has been shown to be a safe and effective
way to correct myopia.4 Compared with conventional
corneal refractive surgery, the correction range of ICL
implantation is wide and does not involve limiting
the corneal thickness. Therefore, it has been widely
used in clinical practice, especially for the correc-
tion of high myopia and extremely high myopia.5–7
The complications of ICL implantation are related to
vault, which is defined as the distance between the
anterior surface of the crystalline lens and the poste-
rior surface of the ICL. The ideal vault ranges from 250
to 750 μm.8 A low vault can lead to anterior subcapsu-
lar cataract,9 whereas a high vault can lead to angle-
closure glaucoma and pigment dispersion syndrome.10
In these conditions, ICL alignment or replacement is
necessary, but doing so could increase surgical risks
and reduce patient satisfaction. Therefore, it is of
great clinical significance to predict the vault after ICL
implantation.

At present, some studies have used multiple linear
regression analysis to establish ICL vault prediction
formulas based on preoperative biometric factors.11–15
However, due to the small sample sizes, the finesses
of these prediction formulas were low (R2 < 0.41). In
addition, multiple linear regression analysis may ignore
important nonlinear related parameters, which may
reduce the accuracy of the prediction results. There-
fore, a new method should be developed to predict
the vault after ICL implantation. With the advance-
ment of computational power, refinement of learning
algorithms and architectures, and availability of big
data, clinical deployment of artificial intelligence (AI)
technology is now a promising reality in ophthalmol-
ogy.16 Machine learning, a subset of AI, is a powerful
technique that identifies relationships among various
variables and analyzes multidimensional data. This
technique has been widely applied for the prediction
of age-relatedmacular degeneration,17 classification of
glaucoma,18 and detection of keratoconus.19 It might
be a useful tool to predict the ICL vault; however, the
related studies were limited, and the method could be
further improved.20,21 Enhanced preoperative param-
eters and unified vault prediction times are essen-
tial for machine learning model construction. Previ-
ous studies revealed that vault could remain relatively
stable 1 week after ICL V4c implantation.11,15 We
found no vault-related complications at each follow-
up time point when the vault was in the ideal range
at 1 week after surgery in clinical practice. Therefore,
the predicted vault in this study was determined to be
1 week.

The present study aimed to predict the vault using
machine learning of preoperative parameters and to

compare the predictive vaults with the conventional
manufacturer’s nomogram.

Methods

Patients

The study was retrospective in nature. Seven
hundred and seven patients (98 men and 609 women;
707 eyes) who underwent ICL V4c implantation
were recruited at the Peking Union Medical College
Hospital (PUMCH) Department of Ophthalmology
from September 2019 to January 2022. The inclusion
criteria were as follows: (1) ages 18∼50 years; (2)
spherical myopia up to −18.00 D and myopia astig-
matism up to −6.00 D; (3) stable refraction for more
than 2 years; (4) anterior chamber depth (ACD)
≥ 2.80 mm; (5) endothelial cell density ≥ 2000
cells/mm2; (6) ICL V4c placed at 10° horizontally;
and (7) vault size measured at 1 week after ICL V4c
implantation. The exclusion criteria were as follows:
(1) existence of ciliary body cysts; (2) existence of
zonule abnormity; (3) existence of ocular diseases
affecting vision, such as keratoconus, severe dry eye,
active ocular infection, cataract, glaucoma, and fundus
diseases that significantly affect vision; (4) existence
of severe systemic diseases; and (5) loss of preoper-
ative examination data (Fig. 1A). The conventional
manufacturer’s nomogram was used to select the ICL
V4c size (12.1 mm, 12.6 mm, 13.2 mm, or 13.7 mm)
based on white-to-white (WTW) distance and ACD.
The study was approved by the PUMCH institutional
review board (no. SK-2010) and was conducted in
accordance with the tenets of the Declaration of
Helsinki.

Surgical Procedures

All surgeries were performed by an experienced
surgeon (LY). A 3.0-mm temporal corneal incision
was made at the temporal corneoscleral limbus, and
hyaluronic acid was injected into the anterior chamber.
Then, an ICL V4c was inserted into the anterior
chamber with an injector cartridge, and a position-
ing instrument was used to sweep the four haptics
of the ICL beneath the iris. Subsequently, hyaluronic
acid was completely removed from the eye using a
manual irrigation/aspiration instrument. Ofloxacin eye
ointment was administered, and sterile gauze was
applied after confirming that intraocular pressure was
normal. Patients were given antibiotic and steroidal
medications 6 times daily for 3 days, and the dose was
tapered thereafter.
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Figure 1. Workflow of constructing models.
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Figure 2. (A) ACD (mm) is the distance from the posterior surface of the central cornea to the anterior surface of the lens. The ACW (mm) is
the distance between the scleral spurs. The ATA distance (mm) is the distance between the angle recesses. PD (mm) is the distance between
the iris pupil margins. CLR (μm is the distance from the anterior surface of the crystalline lens to the ATA. (B) AOD500 and AOD700 indicate
the angle opening distances at 500 μm and 700 μm, respectively. TISA500 and TISA700 indicate the trabecular iris space areas at 500 μm
and 700 μm, respectively. (C) The inferior surface curvature of the iris is the lowest point; left and right ends of the lower surface of the iris
were marked manually, and the curvature was calculated according to the formula Cur = 1/R by fitting the above three points into a circle
with radius R using an automatic algorithm.

Preoperative and Postoperative
Measurements

Preoperatively, all patients underwent comprehen-
sive ophthalmic examinations, including corrected
distance visual acuity, intraocular pressure, anterior
segment slit-lamp examination, fundus examina-
tion, and cycloplegic refraction. Corneal tomography
(TMS-4; Tomey Corporation, Aichi, Japan) was used
to measure the flattest meridian keratometry (Kf) and
steepest meridian keratometry (Ks). Partial coherence
interferometry (IOL Master 700; Carl Zeiss Meditec,
Jena, Germany) was used to assess axial length (AL;
mm), central corneal thickness (CCT; μm), WTW
distance (mm), and lens thickness (LT; mm). Anterior
segment optical coherence tomography (ASOCT,
Visante; Carl Zeiss Meditec) was used to obtain ACD
(mm), anterior chamber width (ACW; mm), angle-to
angle (ATA) distance (mm), crystalline lens rise (CLR;
μm), pupil distance (PD; mm), angle opening distance
(AOD; 500 and 700 mm), trabecular iris space area
(TISA; 500 and 700 mm2), and anterior chamber angle
(ACA) (Figs. 2A, 2B). The inferior surface curvature
of the iris was obtained by PyQt5 framework develop-
ment of annotation tools (Fig. 2C). Postoperatively,
we measured the central vault at 1 week using the same
ASOCT. The same examinations were performed by
the same experienced physician under indoor natural
light. Three measurements were taken for the average
value.

Machine Learning Models of Preoperative
Parameters

Regression models are applied to predict the
vault, including Random Forest Regression (RFR),

XGBoost, and linear regression (LR). The scikit-learn
library (http://scikit-learn.org/stable/) for Python 3 was
used. The input parameters were selected by remov-
ing features with low variance, recursive feature elimi-
nation, embedded methods, and physician experience.
The scikit-learn library for Python 3 was used for
the three former methods. The last method was based
on physician experience and previous studies, which
included the following parameters: spherical equiva-
lent (SE; D), ICL V4c SE (D), ICL model (nontoric
= 0, toric = 1), ICL size (mm), AL (mm), LT (mm),
CCT (μm), WTW (mm), ATA (mm), ACD (mm),
CLR (μm), ACW (mm), PD (mm), AOD500 (mm),
AOD750 (mm), TISA500 (mm2), TISA750 (mm2),
ACA (degrees), Ks (D) and axial, Kf (D) and axial, and
inferior surface curvature of iris (Fig. 1B). Addition-
ally, we applied the best performance model to identify
the feature importance between the vault and preoper-
ative parameters.

Dataset Partition

The dataset was divided into groups at 150-μm vault
intervals, and three different sample sizes (n, n – 5, or n
– 10) were chosen randomly from each group.We input
all features and used RFRmodels to obtain the sample
size of the training and test sets according to the lowest
averagemean absolute error (MAE) (Fig. 1C). Further-
more, we carried out random data partitioning three
times and obtained datasets R1 to R3. Each dataset
contained the same training and test samples.

Evaluation of Predictability Outcomes

The error between the predicted vault and
the actual vault was evaluated by MAE, median
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absolute error (MedAE), root mean square error
(RMSE), and symmetric mean absolute percent-
age error (SMAPE) (Fig. 1D). The calculation
formulas are provided in Supplementary Materi-
als S1. Furthermore, the consistency between the
predicted vault and the actual vault was evaluated
by a Bland–Altman plot drawn by SPSSAU 22.0
(Qingsi Technology, Beijing, China). The differences
in data are reported with 95% limits of agreement
(LoA).

Statistical Analysis

The statistical analyses were conducted using SPSS
Statistics 23.0 (IBM, Chicago, IL). The differences
in MAE between machine learning methods were
assessed using the Friedman test, and the Bonferroni
test was employed for multiple comparisons. A two-
tailed P < 0.05 was considered statistically significant
for all analyses.

Results

Demographics of Patients

This study included 707 patients (707 eyes), with a
mean age of 27.49 ± 5.75 years. A total of 472 eyes
(66.76%) were implanted with a non-toric ICL V4c,
and 235 eyes (33.24%) were implanted with a toric ICL
V4c. The size of the implanted ICL V4c was 12.1 mm
in 50 eyes (7.07%), 12.6 mm in 486 eyes (68.74%),
13.2 mm in 161 eyes (22.77%), and 13.7 mm in 10 eyes
(1.41%). Table 1 lists the preoperative demographics
and postoperative vaults of the patients.

Selection of Preoperative Parameters and
Dataset Partition

Four methods were used to select the preopera-
tive parameters, and physician experience showed the

Table 1. Preoperative Parameters and Postoperative Vault at 1 Week

Demographics Mean ± SD Range

Age (y) 27.49 ± 5.75 18∼45
Vault (mm) 0.66 ± 0.19 0.25∼1.31
Cycloplegic refraction (D)
Sphere −8.92 ± 2.97 −1.50∼−23.25
Cylinder −1.40 ± 1.08 −6.75∼0.00
SE −9.61 ± 3.12 −1.50∼−23.25

ICL V4c (D)
Sphere −10.85 ± 3.28 −2.50∼−18.00
Cylinder 0.77 ± 3.08 0.00∼5.00
SE −10.52 ± 2.87 −2.50∼−18.00

Axial length (mm) 27.15 ± 1.43 23.06∼35.11
Lens thickness (mm) 3.70 ± 0.40 3.02∼4.64
Central corneal thickness (μm) 520.30 ± 34.51 422∼634
White-to-white distance (mm) 11.98 ± 0.51 10.70∼13.00
Angle-to-angle distance (mm) 11.71 ± 0.39 10.60∼13.09
Anterior chamber distance (mm) 3.24 ± 0.24 2.62∼4.03
Crystalline lens rise (μm) −57.74 ± 169.24 −730∼520
Anterior chamber width (mm) 11.57 ± 0.39 10.37∼12.76
Pupil distance (mm) 4.88 ± 0.81 2.11∼6.85
Angle open distance, 500 mm 0.79± 0.26 0.28∼1.66
Angle open distance, 750 mm 1.04 ± 0.29 0.29∼1.91
Trabecular iris space area, 500 mm2 0.28 ± 0.10 0.09∼0.67
Trabecular iris space area, 750 mm2 0.51 ± 0.17 0.16∼1.09
Anterior chamber angle (°) 41.21 ± 8.07 19.75∼73.85
Flattest meridian keratometry (D) 44.48 ± 1.55 38.56∼49.44
Steepest meridian keratometry (D) 43.02 ± 1.41 34.00∼47.32
Lower surface curvature of iris 0.0022 ± 0.0050 −0.0100∼0.0019

Lower surface curvature of iris is the average value of the nasal and temporal values.
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Figure 3. The highest importance aligned to 1.0 and scale the remaining values accordingly. ICL, implantable collamer lens; ACD, anterior
chamber distance; PD, pupil distance; ATA, angle to angle; AL, axial length; ACW, anterior chamber width; TISA, trabecular iris space area;
WTW, white to white; CCT, corneal central thickness; AOD, angle open distance; ACA, anterior chamber angle; Kf, flattest meridian keratom-
etry; Ks, steepest meridian keratometry; LT, lens thickness; SE, spherical equivalent; CLR, crystalline lens rises.

Figure 4. Distribution of the achieved implantable collamer lens
(ICL) vault 1 week postoperatively.

lowest MAE value (119.79 μm) among these methods
(Supplementary Material S2). Figure 3 compares
feature importance among the vault and preopera-
tive parameters. The ICL size was the most important
parameter, followed by the ACD, PD, ATA, and AL.
The 707 eyes were divided into seven groups at vault
intervals of 150 μm (Fig. 4). The sample size of the
group with vault more than 1.15 mm was small (five
eyes). Thus, it was included in the test set to ensure
the quality of model training. In the remaining six
groups, the minimum sample size was 39 eyes. Groups

were randomly chosen to include 30 eyes, 25 eyes, and
20 eyes for the training set, and the remaining eyes
comprised the test set. The mean MAE values were
134.47 ± 0.48 μm, 137.05 ± 2.00 μm, and 138.36 ±
1.93 μm for each group of 30 eyes, 25 eyes, and 20 eyes
selected, respectively. The lowest mean MAE value for
each group of 30 eyes was selected; thus, sample sizes
of 180 eyes in the training set and 527 eyes in the test
set were determined.We carried out three random data
partitions and obtained datasets R1 to R3. The ICL
V4c size distributions in theR1 toR3 training sets were
12.1 mm for 10 eyes, 12.6 mm for 121 eyes, 13.2 mm for
46 eyes, and 13.7 mm for three eyes. In addition, 114
eyes were implanted with non-toric ICL V4c, and 66
eyes were implanted with toric ICL V4c.

Error and Consistency Evaluation of the
Achieved Vault and Predictive Vault

The achieved ICL vault using the manufacturer’s
nomogram was 649.02 ± 103.95 μm, and the predicted
ICL vaults using RFR, XGBoost, and LR were 675.47
± 69.61 μm, 679.45 ± 71.75 μm, and 686.10 ±
114.27 μm, respectively. Table 2 shows the MAE,
MedAE, RMSE, and SMAPE values for the predicted
ICL vaults. For theMAE, XGBoost showed the lowest
MAE, followed by RFR and LR. XGBoost showed
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Table 2. Error Parameters of Various Machine Learning Methods for Vault Prediction at 1 Week Postoperatively

Error Parameters Machine Learning Model R1 R2 R3 Mean ± SD

MAE (μm) RFR 129.28 120.33 119.79 123.13 ± 5.33
XGBoost 125.58 120.24 119.29 121.70 ± 3.39

LR 134.89 139.70 151.47 142.02 ± 8.53
MedAE (μm) RFR 110.06 104.49 103.12 105.89 ± 3.68

XGBoost 111.23 105.68 105.79 107.57 ± 3.17
LR 112.00 115.82 117.79 115.20 ± 2.94

RMSE (μm) RFR 159.83 149.01 148.59 152.48 ± 6.37
XGBoost 153.23 147.51 145.87 148.87 ± 3.86

LR 170.17 183.79 226.22 193.39 ± 29.23
SMAPE (%) RFR 20.23 18.88 18.89 19.33 ± 0.78

XGBoost 19.68 18.84 18.87 19.13 ± 0.48
LR 20.95 21.75 20.43 21.04 ± 0.66

Figure 5. Bland-Altman plots of RFR, XGBoost, and LR. The dotted lines showmean differences between the achieved and predicted vaults;
the solid lines are the upper and lower borders of the 95% LoA (mean difference ± (mean difference tlower the achieved and predicted
vaultL) v).

significantly less MAE than LR (P = 0.027) but did
not change from the RFR (P = 0.064). RFR demon-
strated the lowest MedAE, followed by XGBoost and
LR. However, XGBoost had the lowest RMSE and
SMAPE, followed by RFR and LR. The Bland–
Altman plots compared the consistency between the
achieved vaults and predicted vaults using XGBoost,
RFR, and LR (95% limits of agreement [LoA]).
XGBoost demonstrated better consistency (−25.27 ±
143.81 μm; LoA, −307.12 to 256.59 μm) than RFR
(−27.60 ± 146.138 μm; LoA, −314.03 to 258.82 μm)
and LR (−41.13 ± 212.33 μm; LoA, −457.30 to
375.03 μm) (Fig. 5). In addition, for the MAE distri-
bution of the predicted vaults, the percentages of eyes
greater than 200 μm for XGBoost, RFR, and LR were
18.03%, 16.70%, and 26.19%, respectively.

Discussion

In the present study, we selected preoperative
parameters by removing features with low variance,
recursive feature elimination, embedded method, and

physician experience. Then, RFR, XGBoost, and LR
were trained to predict the vault at 1 week after
ICL V4c implantation. MAE, MedAE, RMSE, and
SMAPE were used to assess the error between the
predicted vault and the actual vault. Furthermore, a
Bland–Altman plot was used to evaluate the predic-
tion consistency of these machine learning models.
Our results demonstrated that XGBoost had the
lowest prediction error, with mean MAE, RMSE, and
SMAPE values of 121.70 μm, 148.87 μm, and 19.13%,
respectively. The Bland–Altman plots of RFR and
XGBoost showed better prediction consistency than
LR. However, XGBoost showed narrower 95% LoA
than RFR, ranging from −307.12 to 256.59 μm. This
study proposed to evaluate the feasibility of using
machine learning methods to predict the vault after
ICL implantation, and XGBoost showed better perfor-
mance than RFR and LR. It can not only reduce
complications caused by too high or too low vaults but
also reduce the secondary surgery rate.

Previous studies have shown that ICL V4c size, ICL
V4c MRSE, ACD, ATA, ACW, CLR, LT, and PD
are important parameters in predicting the vault after
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ICL V4c implantation.22–27 In our study, the physi-
cian experience selection method included the afore-
mentioned parameters and showed the lowest MAE
value (119.79 μm) among the four parameter selec-
tion methods. This result suggests that the best train-
ing quality of the model was obtained when applying
parameters selected by this method as input. Further-
more, compared to previous machine learning models,
our study included the inferior surface curvature of the
iris measured by a self-developed program to indirectly
reflect the iris morphological characteristics. Chen et
al.28 analyzed parameters associated with the vault
after ICL V4c implantation and showed a 4% increase
in the odds of a vault greater than 1000 μm for every 1°
reduction in the iris–ciliary angle. The inferior surface
curvature of the iris showed an opposite trend to
changes in the iris–ciliary angle. This result indicates
that a greater inferior surface curvature of the iris
is associated with a higher probability of high vault
after ICL V4c implantation. Shen et al.21 compared
the prediction results of different machine learning
models and found that RFR had the best performance
in predicting the vault after ICLV4c implantation. Our
study also adopted RFR to predict the vault, but the
RMSEwas lower than that of the study by Shen et al.21
We speculated that the difference in RMSE is related to
the inferior iris surface curvature, which may improve
the prediction performance of the model.

In 2018, Nakamura et al.29 applied ASOCT to
measure the anterior segmental parameters and used
multiple linear regression analysis to establish an ICL
vault size prediction formula, where ICL vault (mm)
= 0.5 + 1.1 × (implanted ICL size – 4.575–0.688
× ACW [mm] – 0.388 × CLR [mm]). However, that
study was based on few variables and a relatively small
sample size. Therefore, Igarashi et al.12 added preop-
erative parameters and obtained a different ICL vault
size prediction formula: Ks formula (ICL vault [mm])
= 660.9 × (ICL size – ATA [mm] + 86.6). However,
Ando et al.30 performed a study to compare the
achieved vault using a manufacturer’s nomogram and
the predicted vault using the KS formula. Their results
showed that the predicted vault tended to overesti-
mate the actual vault, especially when selecting a larger
ICL size. This might be related to the ignorance of
nonlinear factors associated with the postoperative
vault. Compared to multiple linear regression analy-
sis, RFR has superior performance because it does
not have to consider issues related to the independence
of variables, multicollinearity, and the normal distri-
bution of residuals, and it can calculate the nonlin-
ear effect between input variables.31 Based on the
findings of Kamiya et al.,20 it was suggested that
RFR performed better than LR in predicting the vault

after ICL V4c implantation. Shen et al.21 used various
machine learning methods to predict the vault after
ICL V4c implantation and found that RFR was the
method with the best prediction. Our study also found
thatMAE,MedAE, RMSE, and SMAPE values of the
RFR were lower than those of LR. Additionally, the
95% LoA of RFR were narrower than those of LR,
indicating that the prediction performance of RFR is
better than that of LR. It could be that the preop-
erative biometric variables may not exhibit a simple
linear correlation with the postoperative vault, and LR
has limitations in explaining the relationships between
measurements. Thus, LR performance was inferior to
that of RFR and XGBoost.32

XGBoost is a machine learning that could be used
for both classification and regression.33,34 Xu et al.35
used XGBoost and RFR to predict subretinal fluid
absorption at 1, 3, and 6 months after laser treatment
in patients with central serous chorioretinopathy, and
the results indicated that XGBoost had better perfor-
mance than RFR in the external validation. The study
revealed that XGBoost has the advantage of avoiding
overfitting. Shen et al.21 also found that XGBoost was
more accurate than RFR in predicting the ICL V4c
size at 12.1 mm. In our study, we found that XGBoost
had a lower prediction error and narrower 95% LoA
than RFR. Additionally, although RFR (136 cases)
had a larger sample size of MAE within 50 to 200 μm
than XGBoost (125 cases), RFR (95 cases) had a larger
sample size of MAE above 200 μm than XGBoost (88
cases), which indirectly reduced the RFR prediction
performance.

This study has several strengths. First, our study
added anterior chamber angle parameters, developed
annotation tools to obtain the inferior surface curva-
ture of the iris, and controlled the direction of
ICL V4c implantation. These measures could further
improve the predictive performance of machine learn-
ing models. Second, XGBoost was used to predict
the central vault at 1 week postoperatively, indicating
the feasibility of this method in ophthalmic regres-
sion studies. However, this study also has limitations.
First, our study performed only internal validation, but
we will perform external validation in future studies.
Second, the preoperative parameters of machine learn-
ing methods require manual input, which may lead to
accidental errors. Third, our study had a large number
of independent variables for the input parameters, and
the sample size was not the largest compared to other
studies.20,21 Thus, in a future study, we would use
some other machine learning methods to predict the
postoperative vault. Finally, the ICL V4c size distri-
bution in the samples was not balanced, which was
related to the anterior segment characteristics of the
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Chinese population. Thus, the sample size of patients
implanted with the 13.7-mm and 12.1-mm ICL V4c
was small, so the machine learning model may have
better performance in predicting the postoperative
vault after 12.6-mm and 13.2-mm ICL V4c implanta-
tion. We also found that the ICL V4c size had charac-
teristics similar to those reported by Shen et al.,21
whose study was related to the anterior segmental
characteristics of the Chinese population.

Conclusions

In conclusion, we found that XGBoost has better
predictive performance than RFR and LR, with the
lowest prediction error and narrowest 95% LoA. These
results support the view that machine learning is appli-
cable for vault prediction, and it might be helpful for
reducing the complications caused by a vault that is too
high or too low, as well as for reducing the secondary
surgery rate.
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